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Objective: Until recently, the options for summarizing Canadian
patient complexity were limited to health risk predictive modeling
tools developed outside of Canada. This study aims to validate a new
model created by the Canadian Institute for Health Information
(CIHI) for Canada’s health care environment.

Research Design: This was a cohort study.

Subjects: The rolling population eligible for coverage under Ontario’s
Universal Provincial Health Insurance Program in the fiscal years (FYs)
2006/2007–2016/2017 (12–13 million annually) comprised the subjects.

Measures: To evaluate model performance, we compared predicted
cost risk at the individual level, on the basis of diagnosis history,
with estimates of actual patient-level cost using “out-of-the-box” cost
weights created by running the CIHI software “as is.”We next considered
whether performance could be improved by recalibrating the model
weights, censoring outliers, or adding prior cost.

Results: We were able to closely match model performance reported
by CIHI for their 2010–2012 development sample (concurrent
R2= 48.0%; prospective R2= 8.9%) and show that performance
improved over time (concurrent R2= 51.9%; prospective R2= 9.7%
in 2014–2016). Recalibrating the model did not substantively affect
prospective period performance, even with the addition of prior cost

and censoring of cost outliers. However, censoring substantively improved
concurrent period explanatory power (from R2=53.6% to 66.7%).

Conclusions:We validated the CIHI model for 2 periods, FYs 2010/
2011–2012/2013 and FYs 2014/2015—2016/2017. Out-of-the-box
model performance for Ontario was as good as that reported
by CIHI for the development sample based on 3-province data
(British Columbia, Alberta, and Ontario). We found that perfor-
mance was robust to variations in model specification, data sources,
and time.
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Health risk predictive models summarize clinical complexity at
the patient level. Methods vary, but a key approach involves

regressing total health care costs as a function of age and sex plus
a set of health conditions derived from diagnoses recorded on
health care claims. Cost predictions derived from the regression
coefficients are divided by the average cost to create relative risk
scores for each member of the population. Such models were
developed initially in the 1980s and 1990s in the United States in
an effort to improve upon the simple demographic models used at
the time to adjust capitated payments.1,2 In the intervening years,
US models have been adopted by Canadian researchers eager to
take advantage of the strengths of clinical grouping methodologies
to summarize patient case-mix.3–5 However, differences in health
care delivery between the United States and Canada call into
question the suitability of applying US models in a Canadian
context.

The Canadian Institute for Health Information (CIHI)
has produced the first-ever Canadian health risk modeling
suite.6 CIHI’s Population Grouping Methodology was devel-
oped in consultation with a team of clinical experts to address
the need for a set of predictive models that reflect the Canadian
health care landscape (Appendix, Supplemental Digital Content
1, http://links.lww.com/MLR/B871).2,7,8 As CIHI used pooled
data from 3 provinces—each with their own unique character-
istics—and the model may in the future be used to risk-adjust
capitated payments to physicians, there was a need to evaluate
model performance specifically in the Ontario context.

This study aimed to validate the use of CIHI’s case-mix
methods for the purposes of predicting cost in Ontario. Our key
research questions are whether the CIHI model performance for
Ontario alone matches that reported previously by CIHI for the
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3-province validation data set, whether model performance is
durable over time, and whether it is possible to improve per-
formance by recalibrating the model using Ontario data alone or
by adding prior cost to the model. This represents the first
published account of CIHI’s health risk predictive model per-
formance. We hope that this effort will increase confidence in
adopting the methodology among public health agencies, gov-
ernment, and other stakeholders seeking to improve the set of
planning tools available to them.

METHODS
Patient risk scores were assigned by the CIHI grouper

using diagnostic information drawn from several sources. The
Registered Persons Database (RPDB) was used to assess
eligibility for inclusion in the study population and assign
patients to age-sex groups. The study population was linked
to the Ontario health administrative data at the individual
level using unique encrypted identifiers. Key files included
the following (and they are): CIHI’s Discharge Abstract
Database (DAD), which contains diagnostic records from
hospital discharges in Ontario; CIHI’s National Ambulatory
Care Reporting System (NACRS), which includes most
hospital-based and community-based ambulatory care records
(ie, day surgery, outpatient and community-based clinics, and
emergency departments; and the Ontario Health Insurance
Plan (OHIP) claims database, which is made up of physician
billing records across settings.

The study population included all individuals living in
Ontario who were eligible and registered for coverage under
OHIP during the study period. We restricted the population to
those aged ≤ 105 years to limit the likelihood of including
deceased individuals whose deaths were not recorded in our
database. Similarly, people who had no contact with the health
care system within the past 5 years were excluded from the
cohort for a given year, as they may have either left the province
or died without their status change being recorded in our data.

The model was validated for 2 periods: fiscal years
(FYs) 2010–2012 and 2014–2016. The first corresponded to
the model development period and the second was included
to determine whether the model remained valid over time.
Diagnoses captured during the concurrent periods (FYs 2010/
2011–2011/2012 and FYs 2014/2015–2015/2016) were used
to explain costs that were incurred in the same periods and to
predict costs for the corresponding prospective periods (FYs
2012/2013 and 2016/2017).

The CIHI model was run to produce individual risk
scores. These values were then divided by the mean risk from
the population to create normalized risk scores, which re-
centered the average score for the population to 1.0. Thus, an
individual with a risk score of 2.0 would have twice the cost
risk compared with the average, whereas an individual with a
risk score of 0.5 would have half the average risk.

We estimated actual costs as the sum of costs for acute
inpatient hospitalizations, day surgery, hospital clinic visits,
emergency department visits, and physician services using
standard costing methods.9 For inpatient, day surgery, outpatient,
and emergency department encounters, costs were calculated by
multiplying the appropriate resource intensity weight for each

record in the Discharge Abstract Database (DAD) or National
Ambulatory Care Reporting System (NACRS) by the Cost of a
Standard Hospital Stay (CIHI 2018). Physician services were
costed using the “fee paid” field attached to each fee-for-service
physician services record or the “fee approved” field for shadow
billed claims. Actual costs were then divided by the average cost
for the population to produce a mean of 1.0, which is on the same
scale as the predicted risk scores.

To evaluate model performance, we compared the
predicted cost at the individual level derived from model risk
scores with estimates of actual patient-level cost for the pe-
riod. Model performance was evaluated using the coefficient
of multiple determination (R2), which is calculated as the
square of the coefficient of multiple correlations, and the
mean absolute prediction error, a measure which is less sen-
sitive to outliers, calculated as the average of the absolute
value of the prediction errors.

Several approaches to evaluating the CIHI Population
Grouping Methodology were undertaken to explore different
aspects of model performance. We first evaluated the “out-of-
the-box” cost weights created by running the CIHI model
grouper software “as is.” To illustrate the gains obtained by
including health conditions to predict cost, compared with
predictions based on demographic data alone, we created age-
sex only models for the concurrent and prospective periods
(using 21 age groups for each sex).

We next considered whether performance could be
improved by recalibrating the model weights using Ontario
data alone. Recalibration was achieved by splitting the pop-
ulation for each concurrent period into development sets and
validation sets. Three development sets were created using
stratified random sampling to select 70% of: (1) health system
users with at least 1 health condition; (2) users with no
conditions; and (3) nonusers. Total actual costs in the de-
velopment data were modeled separately for each of these
groups, reproducing CIHI’s methods. In keeping with CIHI’s
approach, some model weights were restricted to avoid neg-
ative cost predictions.10 The final recalibrated model weights
were applied to the validation data set to create risk scores.

The second set of recalibrated prospective models was
estimated by adding the prior-year cost, which has been found
to be highly predictive of future cost in previous research.11,12

We also examined the influence of outliers by re-estimating
the models with costs censored at CA$100,000.

Finally, we explored the impact of the lookback period on
model performance. Whereas the standard CIHI model uses
2 years of data to train their model, we ran the out-of-the-box
model using diagnosis codes obtained from looking back over the
prior 1, 2, 3, 4, or 5 years to determine whether there are returns to
additional diagnostic information in explaining concurrent period
costs and predicting prospective period costs. This exercise was
repeated using the base FYs 2010 (anchor date: March 31, 2011)
through 2015 (anchor date: March 31, 2016) to determine
whether the impact of the lookback period choice exhibited
a trend or was stable over time.

All analyses were carried out using SAS software,
version 9.4 for Windows (SAS Institute, Cary, NC) and Tableau
Desktop Professional Edition, version 10.5.5 (Tableau Software,
Seattle, WA).
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RESULTS
Basic descriptive information on the study populations

in each period is provided in Table 1. The population grew
while becoming slightly older, on average, over the 2 study
periods, but health system users comprised a slightly smaller
share of the population in the later period. At the same time,
risk scores rose. That is, the predicted costs of the CIHI model
increased over time, reflecting greater clinical complexity of
the population, on average, in the latter period.

Out-of-the-box model performance is presented in
Table 2. The mean absolute prediction error column shows
that costs were underestimated in the concurrent period and
slightly overestimated in the prospective period, on average.
The Ontario R2 values corresponding to CIHI’s development
period were almost identical to those reported by CIHI for the
full 3-province development sample.6 A few years later,
Ontario R2 values were slightly higher, showing that the
model maintained predictive power over time.

Table 3 illustrates the range of model performance
possibilities using recent data, starting from a simple demographic
model and moving to a set of models calibrated on Ontario data
and optimized using censoring of outliers and, for the prospective
prediction models, the inclusion of the prior-year costs. The age-sex
only model performed quite poorly compared with the out-of-the-
box diagnostic model in both the prospective period (R2=0.4% vs.
9.7%) and the concurrent period (R2=1.0% vs. 52.7%). However,
recalibrating the CIHI model using Ontario-only data for the most
recent period did not substantively affect our results. Although
censoring improved explanatory power in the concurrent period,

neither including prior cost nor censoring data to remove
the influence of outliers had a substantial impact on model
performance in the prospective period.

Next, we considered how well the model predicted
users with different levels of predicted cost. Figures 1A and B
illustrate the out-of-the-box concurrent and prospective model
performance, respectively, by predicted cost category. Costs
were more accurately predicted for low-cost users than for
higher-cost users and were particularly underpredicted in the
prospective period for the highest-cost users.

Figures 2A and B present the effect on R2 of varying
the concurrent period from 1 to 5 years. There were 2 key
findings. First, model performance generally improved over
time. Second, for the most recent 4 years, concurrent period
performance improved with each additional year of diagnostic
lookback. However, results before 2013 were less stable. The
prospective prediction was maximized using 2 years of
lookback and progressively deteriorated with additional years
of diagnostic data. However, using only 1 year of lookback
resulted in consistently lower R2 values than with 2 years.

DISCUSSION
To our knowledge, no prior studies have been pub-

lished independently evaluating the CIHI population grouper/
health risk predictive model performance. CIHI reports
that their model explained nearly half of the variance in cost
using health conditions and condition interactions in the
concurrent period (R2= 47.5%) and almost one tenth in the

TABLE 1. Study Population
Study Period 1

(Development Sample Period)
Study Period 2

(Most Recent Available Data Period)

Concurrent
(FYs 2010/2011 and 2011/2012)

Prospective
(FY 2012/2013)

Concurrent (FYs 2014/2015
and 2015/2016)

Prospective
(FY 2016/2017)

No. observations 12,826,542 12,547,258 13,293,352 12,991,652
Age (mean) (y) 40.0 39.6 41.0 40.6
Age (SD) (y) 23.0 22.8 23.4 23.1
Aged 65+ (%) 15.90 15.12 17.73 16.94
Sex, male (%) 48.69 48.67 48.72 48.68
Health system users—with conditions (%) 89.15 89.20 88.98 89.02
Health system users—without conditions (%) 4.86 4.87 4.65 4.65
Health system nonusers (%) 5.98 5.93 6.37 6.33
Concurrent risk score (mean) 1.138 1.204
Prospective risk score (mean) 1.045 1.098

FY indicates fiscal year.

TABLE 2. CIHI Out-of-the-Box Model Validation Using Ontario-Data Only: Development Sample Period (FYs 2010/2011–2012/
2013) Versus a More Recent Period (FYs 2014/2015–2016/2017)

Model and Period No. Patients Average Total Cost ($)
Mean Absolute

Prediction Error (%)
Coefficient of Multiple
Determination (R2) (%)

Concurrent, FYs 2010/2011–2011/2012 12,826,542 2798 60.21 48.01
Prospective, FY 2012/2013 12,826,542 1429 111.41 8.89
Concurrent, FYs 2014/2015–2015/2016 13,293,352 3044 59.05 51.88
Prospective, FY 2016/2017 13,293,352 1495 109.49 9.70

CIHI indicates Canadian Institute for Health Information; FY, fiscal year.
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prospective period (R2= 9.4%) for their 3-province model
validation sample.6 We were able to closely match these
results using data for Ontario alone for both the development
sample period (FYs 2010/2011–2012/2013) and a more
recent, out-of-development-sample period (FYs 2014/
2015–2016/2017).

One question that may become particularly relevant in
Ontario is whether the CIHI model performance in predicting
future cost using health care diagnoses alone is adequate to
permit its use in risk-adjusting prospective payments to
physicians participating in capitated payment plans. It is instructive
to compare the performance of the CIHI model with US perfor-
mance of DxCG’s Diagnostic Cost Group Hierarchical Condition
Category (DCG-HCC) model, as this is the methodology most
similar to that used by CIHI and is the one used to risk-adjust
payments to Medicare Advantage capitated health plans in the
United States.

The CIHI concurrent model results are nearly as good
as those reported recently for the DxCG model (R2= 52.6%),
but the prospective model falls short of DxCG (R2= 18.6%).13

CIHI’s prospective model results are compared with earlier

TABLE 3. Model Performance For Out-of-the-Box Versus
Recalibrated Cost Weights, Validation Sample, FYs 2014/
2015–2016/2017

Concurrent
(FYs 2014/2015–
2015/2016) (%)

Prospective
(FY 2016/2017)

(%)

Model MAPE R2 MAPE R2

Out-of-the-box model* 59.01 52.71 109.45 9.74
Age-sex only model 116.32 0.97 126.33 0.42
Recalibrated model, without
prior cost

57.88 53.64 108.12 9.61

Recalibrated model, with prior
cost

107.65 9.96

Recalibrated model, without
prior cost, censored at CA
$100,000

53.54 66.74 108.25 8.91

Recalibrated model, with prior
cost, censored at CA$100,000

107.54 9.28

*Performance is reported for validation sample only, which differs slightly from the
performance reported in Table 2 for the entire population.

FY indicates fiscal year; MAPE, mean absolute prediction error.

FIGURE 1. Concurrent (A) and prospective (B). Actual versus predicted costs by level of predicted cost.
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versions of the DxCG model (R2 range: 8.1%–11.2%),1,2,14

before its adoption for risk-adjusting payments in the United
States. In out-of-sample commercial health plan data validation
of the DxCG methodology, the Society of Actuaries reported
that the prospective payment model R2 rose from 14.3% for the
calendar years 1998–199915 to 20.6% in the calendar years
2003–200411 and fell slightly to 18.6% in the calendar years
2012–2013.13 Improvements occurred following the adoption
and subsequent expansion of DxCG methodology to risk-
adjust payments. To put this performance in context, New-
house et al16 estimated the maximum possible R2 that may be
achieved in a health condition prospective model between 20%
and 30%.

A study sponsored by the Society of Actuaries sug-
gested that significant gains in the predictive power of
diagnosis-based risk adjustment models may be explained
by a combination of improvements in data reporting and
model refinements.14 However, the original model devel-
opers showed that changes to the DxCG grouper method-
ology between 1998 and 2000 had a negligible effect on the
prospective R2, whereas running the same model with more
recent data did improve performance. The authors specu-
lated that improvements in diagnostic coding over time may
help to explain gains in predictive power.2

Several studies have shown that, following the adoption of
risk-adjusted payments to capitated health insurance plans by the
US Centers for Medicare andMedicaid Services (CMS), diagnostic
coding intensified among physicians in capitated plans.17–19 To the
extent that changes in coding practices reflected more accurate
coding (rather than fraudulent upcoding of diagnoses), model

performance would have improved, which may explain the higher
R2 in later years.

If so, and if payment reform is enacted in Ontario so
that prospective payments in capitated primary care models
become partly reliant on clinical complexity, we may expect
CIHI’s prospective model performance to improve over time.

However, it is also possible that the lower R2 for the
CIHI model may partly reflect greater variability in cost for a
full population model in Canada versus models segregated
by population characteristics of the insurance segment in
the United States. The US Medicare, Medicaid, and private
insurance populations were modeled separately and are
more homogenous than the universally insured provincial
populations in Canada. If that is the case, expectations with
regard to the future performance of Canadian prospective
payment models should be moderated.

Demographic-based Versus Diagnoses-based
Risk Adjustment

One difference between the CIHI model and methodologi-
cally similar US models is that the US models include age and
sex variables in addition to health conditions and health condition
interactions. To investigate the potential role of demographic
characteristics in predicting costs, we created a comparison model
that was based on age and sex alone. We found that the demo-
graphic model predicted <1% of the variation. Moreover, unlike in
the US models,10 which contained a smaller number of health
conditions and health condition interactions than the CIHI model,
we found that age and sex group coefficients were not significant in
recalibrated health condition models in Ontario.

FIGURE 2. Concurrent (A) and prospective (B). Variation in model performance (R2) by base year and lookback duration.
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The weak performance of the demographic model is a
concern for the Ontario health system, and one that echoes prior
research showing that neither age and sex nor socioeconomic and
mortality data were adequate for needs-based capitation.20 Cur-
rently, physicians participating in capitated payment plans receive
prospective payments based solely on the age-sex composition of
their patient panels. Physicians who enroll patients who are more
clinically complex, on average, than is typical will be underpaid in
this framework. Hence, there are disincentives for physicians in
such plans to take on too many patients with multiple chronic
conditions. They are more likely to remain in fee-for-service,
which some authors maintain offers no motivation to increase
efficiency in treating the whole patient.21,22

Model Recalibration
Although it is not appropriate to include prior cost in a

payment model, as doing so may encourage inefficient re-
source use, models that include these data may be used in a
variety of applications, including predicting high-cost cases
for disease management programs. Research from the United
States has suggested that better performance may be achieved
by trimming costs to reduce the influence of cost outliers or
by including prior-year costs in the model. The concurrent
period performance was improved by censoring outliers.
However, we did not find this for the prospective period
model using Ontario data. Model performance was virtually
unchanged by inclusion of prior cost or censoring high-cost
cases. These findings enhance our confidence in the robust-
ness of the out-of-the-box cost models produced by CIHI.

Optimal Lookback Period For Prediction
We found that the optimal lookback period varied for

the concurrent versus prospective models. In the case of the
concurrent period model, in which diagnoses recorded during
the lookback period explain costs during the same period, the
inclusion of up to 5 years of data improved model perfor-
mance, as this ensured that diagnoses of chronic conditions
that might not be recorded at every physician encounter were
included. However, for prediction of costs 1 year into the
future, in the prospective model, having a longer lookback
period did not improve model performance. It seems that
recently-diagnosed acute and chronic conditions are more
predictive of future costs than are more distantly diagnosed
conditions. In practice, the choice of the lookback period
often is limited by data availability. Fortunately, in the context of
the provincial health insurance model found in Canada, most
patients maintain coverage and may be followed-up for multiple
years. In this context, we recommend obtaining 2 years of
lookback data at minimum for both models. However, if more
data are available, these may be used to improve performance of
the concurrent model.

Limitations of the Study Design, Data Sources,
and Analytic Methods

An advantage of using CIHI’s Population Grouping
Methodology was that all diagnoses codes available from all
available encounters were considered in calculating overall
health risk. However, the utility of the model output depends
upon the completeness and accuracy of the diagnosis codes

that are input into the model. Disease classification using ad-
ministrative records is subject to additional sources of error.
For example, a physician may suspect a particular diagnosis
based on symptoms that the patient presents with and
may record that diagnosis before it has been confirmed. The
CIHI model attempts to validate physician coding by applying
“tagging rules,” which include ensuring that a minimum
number of instances of a particular diagnosis are recorded in
separate physician encounters and checking that the diagnosis
is clinically feasible given the age and sex of the patient.
However, these rules may have created false negatives while
not eliminating all false-positive diagnoses in the data. These
issues may have constrained model performance during the
study period.

Our findings may also have been affected by the lack of
data from mental health hospitalizations (Ontario Mental
Health Reporting System), which was not available to the
authors at the time of the study. However, given that we were
able to nearly replicate the model performance statistics re-
ported by CIHI for the model development set, missing data
on inpatient mental health diagnoses do not seem to have
substantively affected our results. This may be a testament to
the robustness of the methodology.

These analyses take the perspective of the public payer, the
Ontario Ministry of Health and Long-Term Care. Utilization and
expenditure on out-of-pocket costs borne by patients, and any
costs for segments of the population not covered by the Ministry,
were not considered here, as these data were not readily available
and were not used by CIHI to develop the Population Grouping
Methodology.

Implications
To our knowledge, this study represents the first effort

to publish validation results on the use of the CIHI Grouping
Methodology to summarize clinical cost risk. The CIHI
model suite has numerous potential applications for researchers
and policymakers in Canada wishing to better understand pa-
tient case-mix and health system costs. Risk scores produced
by the model may be used to adjust analyses of costs or out-
comes of health care to account for average patient complexity,
to select complexity-matched control subjects for research
studies, to adjust payments to physicians (or other agents) in
capitated payment plans, among other uses. Our validation of
the model for a single province across different time periods
serves to illustrate the robustness of the condition grouping and
risk scoring methodology.
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